In the past, different forecasting models have been proposed to predict greenhouse gas (GHG) emissions. However, most of these models are unable to handle non-linear data. One of the most widely known techniques, the Adaptive Neuro-fuzzy inference system (ANFIS), can deal with nonlinear data. Its ability to predict GHG emissions from road transportation is still unexplored. This study aims to fulfil that gap by adapting the ANFIS model to predict GHG emissions from road transportation by using the ratio between vehicle-kilometers and number of transportation vehicles for six transportation modes (passenger cars, motorcycle, light trucks, single-unit trucks, tractors, and buses) from the North American Transportation Statistics (NATS) online database over a period of 22 years. The results show that ANFIS is a suitable method to forecast GHG emissions from the road transportation sector.
Introduction
One of the most significant environmental issues in the world remains to be air pollution. This has resulted from the high levels of greenhouse gases (GHGs) in the atmosphere [1] . Moreover, one of the greatest contributors to global GHG emissions is the transportation sector. The increasing number of vehicles worldwide has led to a tremendous rise in GHG emissions. In 2007, 23% of the total worldwide GHG emissions came from the transportation sector. The estimate indicated that 73% of this was from the road transport sector [2] .
In the recent past, there has been huge concern about the growing effects and implications of GHG emissions on our surroundings. These concerns have led to the development of many initiatives that aim at reducing the GHG emissions across the whole world [3] .
Several approaches have been put forward to carry out predictions of GHG emissions. However, the accuracy of these approaches has been hugely affected by the lack of incorporation of non-linear variables in the model. It has also been noted that the amount of emissions emanating from road traffic is highly uncertain [4] . Given the uncertainity and complex interaction of variables contributing to GHG emosssions, consideration of non-linear variables relationships is important when developing a forecasting tool for GHG emissions in order to improve the reliability of the model's predictions.
It is usually very complex to model environmental data because of the underlying correlation between multiple variables resulting in complex network relationships. Therefore, many researchers
Literature Review
It has been revealed from the review of the literature that emission factors in the transport sector have been considered in several studies across many countries. These factors are heavily affected by transport routes, and the age and size of the vehicles used [7] .
There have been lots of findings in existing literature from various scholars which are aimed at bolstering the understanding of GHG emissions, as well as depicting the strategies to reduce GHG emissions. Our review of literature on the GHG emissions from the transport sector reveals that the methods could be classified into five categories: a bottom-up approach, decomposition models, system optimization, time series, and regression analysis.
Van der Zwaan, Keppo [8] carried out an investigation on CO 2 emissions of transport divisions in Europe, and how they can be decarbonized. Additionally, other strategies that include the COPART III methodology have been used in the analysis of road transport emissions in Italy [9] . This method ws also applied to study emissions from vehicles in urban areas [10] [11] [12] .
The CO 2 emissions has implications which alter modal shift, fuel mix, population, economic growth, transport energy intensity, and emission coefficients. Timilsina and Shrestha [13] conducted a decomposition analysis and found that the main variables for CO 2 emissions are the transportation energy intensity and economic growth. Furthermore, it has been established that economic growth plays an integral part when it comes to the contribution of CO 2 emissions in ASEAN-5 and EU27 economies [14, 15] . After application of decomposition analysis, Lakshmanan and Han [16] determined that the population number and GDP were the main causes of CO 2 discharges in the transport sector. Alternatively, Li, [17] used Kaya identity and the Logarithmic Mean Division Index (LMDI) to decompose the CO 2 emissions of urban freight, identify the main determinants of emissions change, and to use those determinants to predict CO 2 emissions from the transport sector. Moreover, Fan and Lei [18] built a multivariate generalized Fisher index (GFI) decomposition model based on the expanded Kaya identity to measure the influence of the energy structure, energy intensity, output value of per unit traffic turnover, transportation intensity, economic growth and population size on carbon emissions in the transportation sector of Beijing. urbanization by applying autoregressive distributive lag (ARDL) and vector error correction model (VECM). The results also indicated a strong significant impact of transport energy consumption on CO 2 emissions from the transportation sector. Several studies have successfully applied ANFIS for forecasting scenarios in different fields including automatic control and decision analysis [51, 52] , and all have shown a high accuracy rate [53, 54] . Jang and Chuen-Tsai [55] listed the applications of the neuro-fuzzy approach while also describing the theoretical basis of the model. This section reviewed the body of knowledge relative to the analysis of the tools and methods used for prediction of the GHG emissions along with their pros and cons. Tables 1 and 2 provide a summary of methodology adopted in the existing literature to predict GHG emissions in various industry sectors along with the associated pros and cons. where Tables 1 and 2 are the authors own synthesis from the literature. As can be seen, the ANFIS method has been less examined, particularly fpr predicting GHG emissions from the road transportation sector. 
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Model Development
As observed from the literature review above, a variety of methods exist which are used in the computation of GHG emissions. However, there is a difference in their assumptions and scope, since they are reliant on data gathered from various countries. As a result of this disparity, there has been huge variations in the results obtained. Thus, this leads to the need for having a robust and flexible approach which can accommodate a substantial amount of data and a non-linear variables relationship by ensuring a reasonable accuracy of GHG emissions predictions. Therefore, the prime goal of this study is to provide a general approach which can be used in analyzing and recognising various factors that influence the GHG emissions from the road transportation sector. We adapted the neuro-fuzzy technique to achieve this objective.
ANFIS is functionally equivalent to a Sugeno-type fuzzy rule base [56] which makes use of a set of training data to adjust the base of the current rule to adapt to neuro-fuzzy. Training data are utilized to teach the neuro-fuzzy system by adjusting its variables and using a standard neural network algorithm, resulting in a reduced mean square output error [56] .
Variables

Data Sources
We used historical data (1990-2012) of GHG emissions, the ratio between Vehicle-kilometres by Mode (VKM), and the Number of Transportation Vehicles (NTVs) for six different road vehicle modes (passenger cars, motorcycle, light trucks, single-unit trucks, tractors, and buses) in North America. The data were extracted from the official online database of North American Transportation Statistics (NATS) [57] .
VKM is the total kilometers traveled by different road vehicles on the highway system during a given period of time. This is an important variable for transport planning and is used in estimating vehicle emissions, environmental quality, and assessing traffic impact [58] Likewise, NTV that characterizes traffic volume is an important parameter to examine how the road network is being used, level of congestion and the time spent in the network. This will have implications for estimating the GHG emissions from road traffic.
The collected data has been used to carry out the analysis and identification of the various factors which influence GHG emissions. Table 3 shows the complete set of the data used in this study. 
Data Limitations
The US Department of Transportation is in charge of the NTV data, which is collected and stored in the database. This data covers all categories of vehicles which include combination truck tractors, light trucks, and passenger cars. Data collected from the light trucks categories include data of vans, pick-up trucks as well as sporty utility vehicles. The category of tractors also included data of tractors while on the other hand taxis were included under the passenger's car category. Furthermore, local motors were included under the bus category [57] .
On the other side, VKT data included motorcycles, light trucks, and passenger cars. The Department of Transportation in the US gave an updated VKT data using a highway mode for a long period of time. It was noted that there was a change in the classification of vehicles where some vehicles had relocated from the passenger's category and moved to the truck category at some point in time [57] .
Hence, based on that observation, we need to understand that time-series data is prone to discontinuities which can result in errors when we are performing estimation using a regression model. However, the proposed method to be used in this study as well as the generated results create room for further testing once a new, good, and detailed dataset is obtained.
Adaptive Neuro-Fuzzy Model (ANFIS)
The MATLAB ANFIS algorithm was used to develop the model as it offers a process for the fuzzy modeling to study information about a data set, in order to count the membership function (MF) variables that allow the connected Fuzzy Inference System (FIS) to follow the provided data set (input-output) [59] . Figure 1 shows the ANFIS architecture. It is to be noted that for any input parameters, the output can be represented as a linear combination of the resulting parameters [50] . On the other side, VKT data included motorcycles, light trucks, and passenger cars. The
Learning Algorithm and Architecture of ANFIS
43
Department of Transportation in the US gave an updated VKT data using a highway mode for a long 44 period of time. It was noted that there was a change in the classification of vehicles where some 45 vehicles had relocated from the passenger's category and moved to the truck category at some point 46 in time [57] .
Hence, based on that observation, we need to understand that time-series data is prone to 48 discontinuities which can result in errors when we are performing estimation using a regression 49 model. However, the proposed method to be used in this study as well as the generated results create 50 room for further testing once a new, good, and detailed dataset is obtained. 
61
Each layer has different functions which is summarized as follows [59] :
functions. To clarify the structure. and are considered to be the input nodes, and are the linguistic labels, while and are the membership functions. Below are the outputs obtained Each layer has different functions which is summarized as follows [60] : Layer 1: The outputs are the membership values due to input samples and used membership functions. To clarify the structure. x and y are considered to be the input nodes, A and B are the linguistic labels, while µ Ai and µ Bi are the membership functions. Below are the outputs obtained from the nodes.
The membership functions µ Ai , and µ Bi are generally presumed to be bell-shaped with the maximum and the minimum values of 1 and 0, respectively. Meanwhile m i is the middle point of the bell-shaped membership function and σ 1 is the standard deviation, µ(x) can be calculated as shown in Equation (2):
where a i ,b i , and c i are the premise parameters. Layer 2: The firing strength in this layer of each rule is calculated as:
Layer 3: The normalization of the firing strengths is performed. The ith node calculates the ratio of the ith rules firing strength to all rules firing strength.
Layer 4: The output of each node is the product of the normalized firing strength and a first order polynomial. Where f 1 and f 2 are the fuzzy if-then rules, the outputs are written as given in the following equation:
Rule 1: if x is A 1 and y is B 1 then f 1 = p 1 x + q 1 y + r 1 Rule 2: if x is A 2 and y is B 2 then f 2 = p 2 x + q 2 y + r 2
where linear p, q, and r are the consequent parameters. Layer 5: The overall output of ANFIS in this layer will be computed as follows:
The final output of ANFIS is expressed as:
Division of the Data and developing the ANFIS Model
The NATS dataset was used to develop ANFIS modeling and the prediction of GHG emissions start by gaining a data set and dividing it into training and validating data. The training data is utilized to find the initial assumed parameters for the membership functions by a model with an actual system for validating purposes. Figure 2 shows the ANFIS training and modeling process.
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representing each input, and T is the number of fuzzy MF representing the model output [5] . For 119 example, in this study, since the number of membership functions linked with the six input variables 120 is three, the 6-dimensional input space can be divided into 3 = 729 subspaces, which means the FIS 121 for GHG emissions will contain 729 rules based on the algorithm of grid dividing.
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FIS was created after completing the training process.
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The structure of ANFIS for greenhouse gas emissions is shown in Figure 3 where the f(u) is the 124 final output of ANFIS and the Sugeno is the fuzzy model.
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The membership functions of the six inputs are in the form of a Gaussian function, and the 126 number of membership functions of all inputs is three, as shown in Figure 3 (in yellow brackets 131 Figure 3 shows the final fuzzy inference system used to predict the greenhouse gas emissions. The first step in the development of the FIS is defining the types and number of membership functions for the input and output variables for ANFIS [61] .
Results
The fuzzy logic toolbox of MATLAB 7 was utilized for this task. A Gaussian function was used to optimize the parameters. In addition, a total number of 1503 nodes were utilized in the ANFIS system to develop the fuzzy systems for modeling and forecasting the greenhouse gas emissions for the road sector. Optimization was conducted on a total number of fuzzy rules with N number of inputs, which is determined as [5] , Number of fuzzy rules = M N × T
where N is the number of model inputs, M the number of fuzzy MFs (Membership Function) representing each input, and T is the number of fuzzy MF representing the model output [5] . For example, in this study, since the number of membership functions linked with the six input variables is three, the 6-dimensional input space can be divided into 3 6 = 729 subspaces, which means the FIS for GHG emissions will contain 729 rules based on the algorithm of grid dividing. FIS was created after completing the training process. The structure of ANFIS for greenhouse gas emissions is shown in Figure 3 where the f(u) is the final output of ANFIS and the Sugeno is the fuzzy model. were calculated using the 729 linear functions since there were 729 rules in the FIS for GHG emissions.
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Where , , , , , , the linguistic labels of membership and functions for each input variable and is the output in the ith rule.
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There were 19 training data points and 300,000 learning epochs that were used to complete the The membership functions of the six inputs are in the form of a Gaussian function, and the number of membership functions of all inputs is three, as shown in Figure 3 (in yellow brackets). A three Gaussian-type MF for each input resulted in highly accurate modeling and minimum training and validation errors. This analysis shows that all the variables have the same effect on the model and there is no variable more important than the others. The final MFs were updated by the ANFIS model to achieve a good mapping of the input variables to the greenhouse gas emissions output. Figure 3 shows the final fuzzy inference system used to predict the greenhouse gas emissions.
729 Sugeno-type rules make up the rule base. Given this, there were 729 output values which were calculated using the 729 linear functions since there were 729 rules in the FIS for GHG emissions. Assuming the 6 coefficients for the 6 inputs were α i ,β i ,δ i ,γ i ,ρ i ,λ i , and the constant was ε i , the ith rule would be as follows:
If Passenger Cars (PC) is A l , Motorcycles (M) is B l , Light Trucks (LT) is C l , Bus (B) is D l , Single Unit Trucks (SUT) is E l , and Tractors (T) is F l , then
where A l , B l , C l , D l , E l , F l , arer the linguistic labels of membership and functions for each input variable and Oi is the output in the ith rule. There were 19 training data points and 300,000 learning epochs that were used to complete the neural network training for building a fuzzy model for predicting the greenhouse gas emissions. As shown in Figure 4 , to evaluate the functionality of the model, a root mean square error (RMSE) analysis was used. The results show that with a total number of 300,000 iterations, the minimum value of the RMES (5.7743) was reached. A comparison between the actual and ANFIS-predicted greenhouse gas emissions values after training is shown in Figure 5 , where the Index is the number of years and the output is the GHG emissions (actual and predicted values). It can be seen that the results of the presented model were in good agreement with the obtained data, which shows that the system is well-tested to model the actual GHG emissions. The ANFIS-predicted GHG emission is shown in Figure 6 
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Discussions and Conclusions
The economic and health impacts of air pollution have caused it to become a major concern in many countries. People have become more aware of this issue because of the available information on how it negatively affects human health and environmental sustainability [1].
In the majority of the developed nations such as the OECD countries, GHG emissions from the road transport industry constitute a large proportion of total GHG emissions from the transportation sector at large. In order to cut these emissions, coordinated efforts should be made to reduce emissions from the transport industry.
To date, models that forecast GHG emissions have a lot of constraints, particularly due to the unavailability of detailed data (e.g., fuel consumption per vehicle, average annual distance traveled). The use of numerous equations has also been reproached because of the need to satisfy many assumptions. In addition, the methodology and assumptions made are too rigid, which makes such equations difficult to be used in practice [58] . Recently, adaptive neuro-fuzzy inference systems (ANFIS) has been applied in different fields as a forecasting tool as it is more efficient and less time-consuming in modeling complex system compared to other mathematical models [62] .
The proposed ANFIS method was applied to forecast GHG emissions from the road transportation sector in North America using over 20 years of data on GHG emissions, ratio of Vehicle-kilometers by Mode (VKM) and Number of Transportation Vehicle (NTV). The ratio considered the six modes of transport (passenger cars, motorcycle, light trucks, single-unit trucks, tractors, and buses).
The ANFIS analysis shows that all the variables (different modes of transport) have the same impact on the model, and there is no variable that is more important than the others. This attests to the reliability of the ANFIS model in optimizing the prediction of GHG emissions. In addition, this study shows how the ANFIS method can be utilized to model and predict GHG emissions from the road transportation sector. Here, we only used the data set from one country to test the model. In the future, similar data sets from other countries may be used (as they become available) to test the robustness of the method and average geographical bias. Furthermore, it is to be acknowledged that our forecasting was based on the results of historical data and may not include new technologies, processes, and systems that may be introduced in the future; hence, the model may need to be re-tested with newer sets of data which could further refine the model. Nevertheless, the generality of the approach should be applicable to forecast the GHG emissions.
Road vehicles are a considerable source of greenhouse gas emissions and therefore, many countries are aiming to reduce fuel consumption and tailpipe GHG emissions of vehicles. For example, the European Commission set out a 60% reduction of transport emissions from 1990 levels by 2050. Therefore, a predictive tool like ANFIS as proposed in this study could be a valuable resource for policymakers to use to forecast CO 2 emissions resulting from different road vehicles and the vehicle kilometers traveled. Those forecasts would then enable policymakers to develop a wide suite of policies or action plans to minimize the GHG emissions from the transport sectors. This could include stricter registration laws to promote the use of newer fuel-efficient vehicles, providing subsidies for fuel-efficient vehicles, or introducing surcharge/levy for older and polluting road vehicles.
In the future, further relations among the process parameters will be studied and the ANFIS method will be applied to an expanded set of parameters in a coordinated effort to fully clarify the relationships between a larger set of parameters for GHG emissions. The MFs and rules developed using the ANFIS method could also serve as useful reference that could be the basis for future studies to improve the prediction of GHG emissions. Acknowledgments: The authors would like to thank the Australia Government Research Training Program (RTP) scholarship which has enabled us to conduct this research project.
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